Modeling forest ecosystems is a landmark challenge in science, due to the complexity of the processes involved and their importance in predicting future planetary conditions. While there are a number of open-source forest biogeochemistry models, few papers exist detailing the software development approach used to develop these models. This has left many forest biogeochemistry models large, opaque, and/or di cult to use, typically implemented in compiled languages for speed. Here, we present a forest biogeochemistry model from the SORTIE-PPA class of models, PPA-SiBGC. Our model is based on the Perfect Plasticity Approximation with simple biogeochemistry compartments and uses empirical vegetation dynamics rather than detailed prognostic processes to drive the estimation of carbon and nitrogen fluxes. This allows our model to be used with traditional forest inventory data, making it widely applicable and simple to parameterize. We detail the conceptual design of the model as well as the software implementation in the R language for statistical computing. Our aim is to provide a useful tool for the biogeochemistry modeling community that demonstrates the importance of vegetation dynamics in biogeochemical models.
Motivation and Significance
The practice of modeling ecological systems began around 1920 with a calculus model of chemical dynamics applied to the trophic interaction of herbivory [1] . The logistic growth model used was inspired by Malthusian carrying capacity [2] . The concept ofÖkologie (ecology) had been formalized by Haeckel 5 in 1866, with ecosystems soon to be coined by Tansley in 1935. Lotka-Volterra equations, a type of periodic Kolmogorov system, were next applied to fish populations [3] . Four decades later, empirical di↵erential equations were developed to model the growth and yield of forest stands [4, 5, 6] . These models extended the principle of growth tables, used in Germany since the 18 th century and in 10 China since the 17 th century [7] .
The simplicity of early forest ecosystem models reflected the computational limits of the era -models were tractable by necessity, solved by mechanical calculators or hand. Digital computers brought a landmark innovation in the ability to explicitly simulate processes of forest succession at an individual- 15 tree level [8] . For the first time, direct analysis of forest dynamics theory [9] was possible. These forest 'gap' models exhausted computational resources of the era beyond the stand or landscape scale -a limitation that continues to date. Concurrently, the first one-dimensional physiological or biogeochemical process models and forest fire models were developed. Many components of 20 modern terrestrial biosphere models were built separately and later assembled into comprehensive global modeling systems.
Until recently, the number of transistors in integrated circuits doubled every two years in accordance with Moore's Law. Despite the growth in compute, gap models remain computationally impractical for regional-or global-scale model- 25 ing. While many modeled processes are inherently serial, others are poised to greatly benefit from mass parallelization (e.g., using general-purpose graphics processing units, or GPGPUs). There is surprisingly little research in this area currently, as most modeling groups prefer to add new processes rather than optimize existing ones. Yet, there is a critical need to produce "a relatively simple mechanistic ecosystem model that is equitable in detail and that will run at large scales" [10] . Such a model is required to improve representation of vegetation dynamics in earth system models in order to produce more robust predictions of the global carbon cycle [11] .
A lack of detailed field observations made (and still make) models of forest 35 dynamics di cult to parameterize and validate, due to the long timescales and large number of parameters and processes involved [12] . While long-term ecological research (LTER) began formally with NSF funding of six sites in 1980, less than four decades have since passed. There are few research forests with a century of data or more. Even for sites with a long history of data (e.g., Harvard 40 Forest), the sparsity data makes the validation of complex models non-trivial.
Meanwhile, forest measurement techniques have radically advanced since the 1980s, first in the 1990s with eddy covariance flux towers and second in the 2000s with geometric point cloud models generated by laser scanning or photogrammetric computer vision (e.g., structure-from-motion). These new data 45 sources provide detail on forest energy and biogeochemistry fluxes, canopy dynamics, species distributions, demography, and other metrics of vital importance to developing and validating new forest biogeochemistry models.
Over the past century, models of forest ecosystems grew in complexity from di↵erential equations to detailed models of physiological and spatial processes.
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This progression entailed seven landmark stages of model development: (i ) growth-and-yield tables or equations [7]; (ii ) physical soil-plant-atmosphere continuum models [13] ; (iii ) forest fire models [14] ; (iv ) forest 'gap' models [8, 12] ;
(v ) 'big-leaf' physiological process models including early land surface models [15, 16] ; (vi ) hybrid and landscape models [17, 18] ; (vii ) 'cohort-leaf' hy-55 brid models including ED/ED2/FATES [19, 20] , LM3-PPA [21] , and the simple PPA-SiBGC compartment model presented herein. Model stages i-v entailed increases in complexity with each new process, resulting in the desire for new approximation schemes in stage vii models. While stage vi models expanded to include modeling spatial processes at the landscape scale, stage vii models blend 60 physiological and demographic processes through robust gap model reductions.
Thus, current state-of-the-art (stage vii ) models follow the modeling approach advocated in the seminal works of [22] and [23] : prefer realism and generality to precision.
Models of forest ecosystems entail a number of scale-and application-specific assumptions. Historically, this has required the selection of di↵erent models for di↵erent applications or research questions [24, 25] . Terrestrial biosphere models, for example, were separated into diagnostic and prognostic models [26] .
While model structure diverged over the previous four decades into specialized applications, it has converged during the past two with the development of hy- It is beneficial to comprehend that the mathematical approximations devel-75 oped in stage VII models were made possible by detailed individual-based gap models. In e↵ect, gap models were applied as generative models to produce data for di cult-to-measure dynamics needed in developing approximations. This is conceptually similar to the sim2real paradigm currently at the forefront of artificial intelligence and robotics research [27] . Using gap models as data generators 80 was necessary due to a lack of detailed long-term observational data. In other words, the approximations are model emulators, as demonstrated in the seminal publication describing the PPA model [28, 29] . Unlike most statistical emulators (e.g., machine learning models), the PPA model is analytically tractable, thereby surpassing the requirement for an e cient model approximation pro-85 viding macroscopic equations of forest dynamics [10] .
In recent work [30] , we demonstrated that the PPA model extended with simple biogeochemistry compartments (PPA-SiBGC) is adequate to produce model realism and precision surpassing LANDIS-II and its latest NECN biogeochemistry model, which is an adaptation of the CENTURY model. This work 90 is important because it demonstrates that improving the representation of vegetation dynamics in forest biogeochemistry models may yield model accuracy surpassing far more complex models lacking explicit canopy dynamics. Moreover, our presented model is computationally e cient, with speeds an order of magnitude faster than LANDIS-II despite being implemented in an interpreted 95 rather than compiled language (R rather than C#).
Conceptual Framework
In the following sections we describe the conceptual framework behind the PPA-SiBGC model. 
Perfect Plasticity Approximation
where k is the number of species, j is the species index, N j (z) is the density of species j at height z, A j (a ⇤ , z) is the projected crown area of species j at 115 height z, and dz is the derivative of tree height. Thus, we compute the height where the integral of tree crown area is equal to the stand ground area. This yields the theoretical z ⇤ height that marks the transition from above to below one canopy layer [28] . There may be one or many z ⇤ heights. The number of theoretical z ⇤ heights in a stand is a function of the stand's leaf-area index, or 120 LAI, where n z ⇤ = bLAIc. Each additional closed canopy layer, including shrubs and grasses, follows the form z ⇤⇤ , z ⇤⇤⇤ , et cetera.
This partitioning of canopy layers allows for the use of separate coe cients or models of growth, mortality, and fecundity to be applied across the strata.
The first moment of these canopy layer dynamics accurately approximates the 125 dynamics of individual-based models [28] . We extend the SORTIE-PPA model by adding a simple compartment-based representation of biogeochemistry using allometric and stoichiometric relations, along with simple prognostic (i.e., climate-driven) model of soil respiration [32, 33] and a constant representation of organic carbon by soil type [34] . 130 
Allometry and Stoichiometry
The tree allometric model and parameters were adapted from previously published research [35, 36] . Tree height is modeled as a non-linear function of stem diameter as follows:
where h is the tree height (m), h max is the maximum potential tree height,
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DBH is the depth-at-breast-height (cm), e is Euler's constant, and b is an exponential decay coe cient. Tree crown radius and depth are also modeled as a function of DBH, but are instead intercept-free linear models.
where dp crown is the crown depth (m) and cd is the crown depth regression coe cient. The equation form is similar for crown radius:
where r crown is the crown radius (m) and, cr 1 and cr 2 are the crown radius regression coe cients. Basal area is also calculated as a function of DBH, using the forester's constant for DBH in centimeters:
National species-specific biomass equations [37] were used to model tree biomass as a function of DBH:
where AGB is the tree aboveground biomass (kg) and, 0 and 1 are regression coe cients. Empirical coe cients are used for the aboveground biomass fractions contained in stem, branch, and leaf compartments, as well as soil. Root biomass is partitioned into coarse and fine root components based on existing equations for the United States [37] , following the general form:
where ratio is the biomass fraction for the root component and, 0 and 1 are regression coe cients. The coe cients used for coarse roots were -1.4485
for 0 and -0.03476 for 1 . For fine roots, the coe cients were -1.8629 and -0.77534, respectively. The biomass of each root compartment is then calculated by multiplying tree AGB by the corresponding ratio.
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Tree belowground biomass is calculated as the sum of root and soil biomass, while total biomass is calculated as the sum of below-and above-ground compartments. Separate empirical biomass carbon fraction and C:N stoichiometric coe cients were used for each compartment. Thus, C and N content are fixed fractions of biomass values, based on empirical point estimates or samples from 160 distributions.
Soil Respiration
In the PPA-SiBGC model, we use the simple prognostic soil respiration model of Raich et al. (2002) :
where e is Euler's constant, Q 10 is the respiration temperature sensitivity 165 coe cient per 10°C increase, b is a temperature sensitivity constant, T a is mean monthly air temperature (°C), P is mean monthly precipitation (cm), F is the soil respiration rate at 0°C, K is the half-saturation constant for the hyperbolic relationship between soil respiration and rainfall, and R S is soil respiration (g C m 2 day 1 ). The version of the model used in PPA-SiBGC includes updates 170 parameters based on infrared gas analyzer measurements of soil CO 2 flux [33].
Soil Organic Carbon
For modeling soil organic carbon (SOC) in PPA-SiBGC, we use the simple 
where CS is the county-specific areal SOC by forest type (Mg/ha), SOC SG is the areal SOC for the STATSGO map unit (Mg/ha), E is a vector of weights for the areal coverage of each USFS Forest Inventory and Analysis (FIA) plot, and F is the number of FIA plot records within forest types. We used the best 180 fit model of [34] to model the vertical SOC profile:
where log 10 SOC is the volumetric soil organic carbon density (Mg C ha 1 cm 1 ), I is the intercept, and D is the profile midpoint depth (cm). We integrated over a range of profile depths to produce total SOC values:
where d is the profile midpoint depth (cm). And thus:
SOC 100 = 10 log 10 SOC100 biogeochemistry across a range of metrics and sites in the model intercomparison exercise [30] .
Software Description
The PPA-SiBGC model is implemented in a standalone R script that is Load input files 3:
Generate cohorts

4:
Initialize tree allometry and biogeochemistry
5:
Calculate soil organic matter profile 6: for year, ..., N years do 7:
Calculate soil respiration Calculate total execution time and export to CSV z Star NULL 3:
T Sort(T Height , Descending) . sort trees by descending height 4: for i = 2, ..., T N do 5: year with allometry and biogeochemistry, and the theoretical z ⇤ height by year.
Anticipated Impact
We anticipate that the PPA-SiBGC model will showcase the importance of realistically approximating vegetation dynamics in order to develop forest biogeochemistry models with improved generality and precision. This is because the inclusion of even simple allometric and stoichiometric biogeochemistry relations with the PPA model showed accurate estimation of ecosystem fluxes 290 [30] . The robustness of allometric scaling theory, rooted in the self-similarity of tree species and shaped by physical constraints, is well supported in theoretical research using highly detailed models [38] . Thus, species-specific allometric models remain a useful modeling abstraction in global-scale modeling.
We believe that our work also demonstrates the the classical modeling trade-295 o↵ of Levins (1966) between generality, precision, and realism is unduly imposed;
in our work, model generality and precision were possible only through enhanced model realism. Thus, no trade-o↵ was apparent in our case. We therefore reiterate his suggestion that modelers focus on improving realism over generality and precision, which may result in improvements of all three criteria.
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From a practical standpoint, we hope that our work will help to advance the field by making forest biogeochemistry models more approachable, crossplatform, and easier to use. All input and output files use a CSV file structure in order to facilitate simplified key-value parsing of all data in user-developed programs. This is in contrast to models such as LANDIS-II that use unstruc-305 tured TXT files that are laborious and ine cient to parse. In future work, we will soon release model wrapper libraries in R and Python for simplifying the operation, parameterization, optimization, and validation of forest ecosystem models. 
Conclusions
